The ability of an Evolutionary Algorithm (EA) to find a global optimal solution depends on its capacity to find a good rate between exploitation of found-so-far elements and exploration of the search space. Inspired by natural phenomena, researchers have developed many successful evolutionary algorithms which, at original versions, define operators that mimic the way nature solves complex problems, with no actual consideration of the explorationexploitation balance. In this paper, a novel nature-inspired algorithm called the States of Matter Search (SMS) is introduced. The SMS algorithm is based on the simulation of the states of matter phenomenon. In SMS, individuals emulate molecules which interact to each other by using evolutionary operations which are based on the physical principles of the thermal-energy motion mechanism. The algorithm is devised by considering each state of matter at one different exploration-exploitation ratio. The evolutionary process is divided into three phases which emulate the three states of matter: gas, liquid and solid. In each state, molecules (individuals) exhibit different movement capacities. Beginning from the gas state (pure exploration), the algorithm modifies the intensities of exploration and exploitation until the solid state (pure exploitation) is reached. As a result, the approach can substantially improve the balance between exploration-exploitation, yet preserving the good search capabilities of an evolutionary approach. To illustrate the proficiency and robustness of the proposed algorithm, E. Cuevas ( ) · A. Echavarría it is compared to other well-known evolutionary methods including novel variants that incorporate diversity preservation schemes. The comparison examines several standard benchmark functions which are commonly considered within the EA field. Experimental results show that the proposed method achieves a good performance in comparison to its counterparts as a consequence of its better explorationexploitation balance.
Introduction
Global optimization [1] has delivered applications for many areas of science, engineering, economics and others, where mathematical modeling is used [2] . In general, the goal is to find a global optimum for an objective function which is defined over a given search space. Global optimization algorithms are usually broadly divided into deterministic and stochastic methods [3] . Since deterministic methods only provide a theoretical guarantee of locating a local minimum of the objective function, they often face great difficulties in solving global optimization problems [4] . On the other hand, evolutionary algorithms are usually faster in locating a global optimum [5] . Moreover, stochastic methods adapt easily to black-box formulations and extremely ill-behaved functions, whereas deterministic methods usually rest on at least some theoretical assumptions about the problem formulation and its analytical properties (such as Lipschitz continuity) [6] .
Evolutionary algorithms, which are considered as members of the stochastic group, have been developed by a combination of rules and randomness that mimics several natu-ral phenomena. Such phenomena include evolutionary processes such as the Evolutionary Algorithm (EA) proposed by Fogel et al. [7] , De Jong [8] , and Koza [9] , the Genetic Algorithm (GA) proposed by Holland [10] and Goldberg [11] , the Artificial Immune System proposed by De Castro et al. [12] and the Differential Evolution Algorithm (DE) proposed by Price and Storn [13] . Some other methods which are based on physical processes include the Simulated Annealing proposed by Kirkpatrick et al. [14] , the Electromagnetism-like Algorithm proposed byİlker et al. [15] and the Gravitational Search Algorithm proposed by Rashedi et al. [16] . Also, there are other methods based on the animal-behavior phenomena such as the Particle Swarm Optimization (PSO) algorithm proposed by Kennedy and Eberhart [17] and the Ant Colony Optimization (ACO) algorithm proposed by Dorigo et al. [18] .
Every EA needs to address the issue of explorationexploitation of the search space. Exploration is the process of visiting entirely new points of a search space whilst exploitation is the process of refining those points within the neighborhood of previously visited locations, in order to improve their solution quality. Pure exploration degrades the precision of the evolutionary process but increases its capacity to find new potential solutions. On the other hand, pure exploitation allows refining existent solutions but adversely driving the process to local optimal solutions. Therefore, the ability of an EA to find a global optimal solution depends on its capacity to find a good balance between the exploitation of found-so-far elements and the exploration of the search space [19] . So far, the exploration-exploitation dilemma has been an unsolved issue within the framework of EA.
Although PSO, DE and GSA are considered the most popular algorithms for many optimization applications, they fail in finding a balance between exploration and exploitation [20] ; in multimodal functions, they do not explore the whole region effectively and often suffers premature convergence or loss of diversity. In order to deal with this problem, several proposals have been suggested in the literature . In most of the approaches, exploration and exploitation is modified by the proper settings of control parameters that have an influence on the algorithm's search capabilities [47] . One common strategy is that EAs should start with exploration and then gradually change into exploitation [48] . Such a policy can be easily described with deterministic approaches where the operator that controls the individual diversity decreases along with the evolution. This is generally correct, but such a policy tends to face difficulties when solving certain problems with multimodal functions that hold many optima, since a premature takeover of exploitation over exploration occurs. Some approaches that use this strategy can be found in [21] [22] [23] [24] [25] [26] [27] [28] [29] . Other works [30] [31] [32] [33] [34] use the population size as reference to change the balance between exploration and exploitation. A larger popula-tion size implies a wider exploration while a smaller population demands a shorter search. Although this technique delivers an easier way to keep diversity, it often represents an unsatisfactory solution. An improper handling of large populations might converge to only one point, despite introducing more function evaluations. Recently, new operators have been added to several traditional evolutionary algorithms in order to improve their original exploration-exploitation capability. Such operators diversify particles whenever they concentrate on a local optimum. Some methods that employ this technique are discussed in [35] [36] [37] [38] [39] [40] [41] [42] [43] [44] [45] [46] .
Either of these approaches is necessary but not sufficient to tackle the problem of the exploration-exploitation balance. Modifying the control parameters during the evolution process without the incorporation of new operators to improve the population diversity makes the algorithm defenseless against premature convergence and may result in poor exploratory characteristics of the algorithm [48] . On the other hand, incorporating new operators without modifying the control parameters leads to an increase in computational cost and weakens the exploitation process of candidate regions [39] . Therefore, it does seem reasonable to incorporate both of these approaches into a single algorithm.
In this paper, a novel nature-inspired algorithm, known as the States of Matter Search (SMS) is proposed for solving global optimization problems. The SMS algorithm is based on the simulation of the states of matter phenomenon. In SMS, individuals emulate molecules which interact to each other by using evolutionary operations based on the physical principles of the thermal-energy motion mechanism. Such operations allow the increase of the population diversity and avoid the concentration of particles within a local minimum. The proposed approach combines the use of the defined operators with a control strategy that modifies the parameter setting of each operation during the evolution process. In contrast to other approaches that enhance traditional EA algorithms by incorporating some procedures for balancing the exploration-exploitation rate, the proposed algorithm naturally delivers such property as a result of mimicking the states of matter phenomenon. The algorithm is devised by considering each state of matter at one different exploration-exploitation ratio. Thus, the evolutionary process is divided into three stages which emulate the three states of matter: gas, liquid and solid. At each state, molecules (individuals) exhibit different behaviors. Beginning from the gas state (pure exploration), the algorithm modifies the intensities of exploration and exploitation until the solid state (pure exploitation) is reached. As a result, the approach can substantially improve the balance between exploration-exploitation, yet preserving the good search capabilities of an evolutionary approach. To illustrate the proficiency and robustness of the proposed algorithm, it has been compared to other well-known evolutionary methods including recent variants that incorporate diversity preservation schemes. The comparison examines several standard benchmark functions which are usually employed within the EA field. Experimental results show that the proposed method achieves good performance over its counterparts as a consequence of its better exploration-exploitation capability.
This paper is organized as follows. Section 2 introduces basic characteristics of the three states of matter. In Sect. 3, the novel SMS algorithm and its characteristics are both described. Section 4 presents experimental results and a comparative study. Finally, in Sect. 5, some conclusions are discussed.
States of matter
The matter can take different phases which are commonly known as states. Traditionally, three states of matter are known: solid, liquid, and gas. The differences among such states are based on forces which are exerted among particles composing a material [49] .
In the gas phase, molecules present enough kinetic energy so that the effect of intermolecular forces is small (or zero for an ideal gas), while the typical distance between neighboring molecules is greater than the molecular size. A gas has no definite shape or volume, but occupies the entire container in which it is confined. Figure 1a shows the movements exerted by particles in a gas state. The movement experimented by the molecules represent the maximum permissible displacement ρ 1 among particles [50] . In a liquid state, intermolecular forces are more restrictive than those in the gas state. The molecules have enough energy to move relatively to each other still keeping a mobile structure. Therefore, the shape of a liquid is not definite but is determined by its container. Figure 1b presents a particle movement ρ 2 within a liquid state. Such movement is smaller than those considered by the gas state but larger than the solid state [51] . In the solid state, particles (or molecules) are packed together closely with forces among particles being strong enough so that the particles cannot move freely but only vibrate. As a result, a solid has a stable, definite shape and a definite volume. Solids can only change their shape by force, as when they are broken or cut. Figure 1c shows a molecule configuration in a solid state. Under such conditions, particles are able to vibrate (being perturbed) considering a minimal ρ 3 distance [50] .
In this paper, a novel nature-inspired algorithm known as the States of Matter Search (SMS) is proposed for solving global optimization problems. The SMS algorithm is based on the simulation of the states of matter phenomenon that considers individuals as molecules which interact to each other by using evolutionary operations based on the physical principles of the thermal-energy motion mechanism. The algorithm is devised by considering each state of matter at one different exploration-exploitation ratio. Thus, the evolutionary process is divided into three stages which emulate the three states of matter: gas, liquid and solid. In each state, individuals exhibit different behaviors.
States of matter search (SMS)

Definition of operators
In the approach, individuals are considered as molecules whose positions on a multidimensional space are modified as the algorithm evolves. The movement of such molecules is motivated by the analogy to the motion of thermal-energy.
The velocity and direction of each molecule's movement are determined by considering the collision, the attraction forces and the random phenomena experimented by the molecule set [52] . In our approach, such behaviors have been implemented by defining several operators such as the direction vector, the collision and the random positions operators, all of which emulate the behavior of actual physics laws.
The direction vector operator assigns a direction to each molecule in order to lead the particle movement as the evolution process takes place. On the other side, the collision operator mimics those collisions that are experimented by molecules as they interact to each other. A collision is considered when the distance between two molecules is shorter than a determined proximity distance. The collision operator is thus implemented by interchanging directions of the involved molecules. In order to simulate the random behavior of molecules, the proposed algorithm generates random positions following a probabilistic criterion that considers random locations within a feasible search space.
The next section presents all operators that are used in the algorithm. Although such operators are the same for all the states of matter, they are employed over a different configuration set depending on the particular state under consideration.
Direction vector
The direction vector operator mimics the way in which molecules change their positions as the evolution process develops. For each n-dimensional molecule p i from the population P, it is assigned an n-dimensional direction vector d i which stores the vector that controls the particle movement. Initially, all the direction vectors (D = {d 1 , d 2 , . . . , d N p }) are randomly chosen within the range of [−1, 1].
As the system evolves, molecules experiment several attraction forces. In order to simulate such forces, the proposed algorithm implements the attraction phenomenon by moving each molecule towards the best so-far particle. Therefore, the new direction vector for each molecule is iteratively computed considering the following model:
where a i represents the attraction unitary vector calculated as a i = (p best − p i )/ p best − p i , being p best the best individual seen so-far, while p i is the molecule i of population P. k represents the iteration number whereas gen involves the total iteration number that constitutes the complete evolution process. Under this operation, each particle is moved towards a new direction which combines the past direction, which was initially computed, with the attraction vector over the best individual seen so-far. It is important to point out that the relative importance of the past direction decreases as the evolving process advances. This particular type of interaction avoids the quick concentration of information among particles and encourages each particle to search around a local candidate region in its neighborhood, rather than interacting to a particle lying at distant region of the domain. The use of this scheme has two advantages: first, it prevents the particles from moving toward the global best position in early stages of algorithm and thus makes the algorithm less susceptible to premature convergence; second, it encourages particles to explore their own neighborhood thoroughly, just before they converge towards a global best position. Therefore, it provides the algorithm with local search ability enhancing the exploitative behavior.
In order to calculate the new molecule position, it is necessary to compute the velocity v i of each molecule by using: (2) being v init the initial velocity magnitude which is calculated as follows:
where b low j and b high j are the low j parameter bound and the upper j parameter bound respectively, whereas β ∈ [0, 1].
Then, the new position for each molecule is updated by:
where 0.5 ≤ ρ ≤ 1.
Collision
The collision operator mimics the collisions experimented by molecules while they interact to each other. Collisions are calculated if the distance between two molecules is shorter than a determined proximity value. Therefore, if p i − p q < r, a collision between molecules i and q is assumed; otherwise, there is no collision, considering i, q ∈ {1, . . . , N p } such that i = q. If a collision occurs, the direction vector for each particle is modified by interchanging their respective direction vectors as follows:
The collision radius is calculated by:
where α ∈ [0, 1]. Under this operator, a spatial region enclosed within the radius r is assigned to each particle. In case the particle regions collide with each other, the collision operator acts upon particles by forcing them out of the region. The radio r and the collision operator provide the ability to control diversity throughout the search process. In other words, the rate of increase or decrease of diversity is predetermined for each stage. Unlike other diversity-guided algorithms, it is not necessary to inject diversity into the population when particles gather around a local optimum because the diversity will be preserved during the overall search process. The collision incorporation therefore enhances the exploratory behavior in the proposed approach.
Random positions
In order to simulate the random behavior of molecules, the proposed algorithm generates random positions following a probabilistic criterion within a feasible search space.
For this operation, a uniform random number r m is generated within the range [0, 1]. If r m is smaller than a threshold H , a random molecule's position is generated; otherwise, the element remains with no change. Therefore, such an operation can be modeled as follows:
where i ∈ {1, . . . , N p } and j ∈ {1, . . . , n}.
Best Element Updating
Despite the fact that this updating operator does not belong to the State of Matter metaphor, it is used to simply store the best so-far solution. In order to update the best molecule p best seen so-far, the best found individual from the current k population p best,k is compared to the best individual p best,k−1 of the last generation. If p best,k is better than p best,k−1 according to its fitness value, p best is updated with p best,k , otherwise p best remains with no change. Therefore, p best stores the best historical individual found so-far.
SMS algorithm
The overall SMS algorithm is composed of three stages corresponding to the three States of Matter: the gas, the liquid and the solid state. Each stage has its own behavior. In the first stage (gas state), exploration is intensified whereas in the second one (liquid state) a mild transition between exploration and exploitation is executed. Finally, in the third phase (solid state), solutions are refined by emphasizing the exploitation process.
General procedure
At each stage, the same operations are implemented. However, depending on which state is referred, they are employed considering a different parameter configuration. The general procedure in each state is shown as pseudo-code in Algorithm 1. Such procedure is composed of five steps and maps the current population P k to a new population P k+1 . The algorithm receives as input the current population P k and the configuration parameters ρ, β, α, and H , whereby it yields the new population P k+1 .
Algorithm 1 General procedure executed by all the states of matter
Step 1: Find the best element of the population P
Step 2:
Step 3: Compute the new molecules by using the Direction vector operator 3.1.1
Step 4: Solve collisions by using the Collision operator 3.1.2
Step 5: Generate new random positions by using the Random positions operator 3.1.3 
The complete algorithm
The complete algorithm is divided into four different parts. The first corresponds to the initialization stage, whereas the last three represent the States of Matter. All the optimization process, which consists of a gen number of iterations, is organized into three different asymmetric phases, employing 50 % of all iterations for the gas state (exploration), 40 % for the liquid state (exploration-exploitation) and 10 % for the solid state (exploitation). The overall process is graphically described by Fig. 2 . At each state, the same general procedure (see Algorithm 1) is iteratively used considering the particular configuration predefined for each State of Matter. Figure 3 shows the data flow for the complete SMS algorithm. , just as it is described by the following expressions:
where j and i are the parameter and molecule index, respectively, whereas zero indicates the initial population. Hence, p j i is the j -th parameter of the i-th molecule.
Gas state In the gas state, molecules experiment severe displacements and collisions. Such state is characterized by random movements produced by non-modeled molecule phenomena [52] . Therefore, the ρ value from the direction vector operator is set to a value close to one so that the molecules can travel longer distances. Similarly, the H value representing the random positions operator is also configured to a value around one, in order to allow the random generation for other molecule positions. The gas state is the first phase and lasts for the 50 % of all iterations which compose the complete optimization process. The computational procedure for the gas state can be summarized as follows:
Step 1: Set the parameters ρ ∈ [0.8, 1], β = 0.8, α = 0.8 and H = 0.9 being consistent with the gas state.
Step 2: Apply the general procedure which is illustrated in Algorithm 1.
Step 3: If 50 % of the total iteration number is completed (1 ≤ k ≤ 0.5 · gen), then the process continues to the liquid state procedure; otherwise go back to step 2.
Liquid state Although molecules currently at the liquid state exhibit restricted motion in comparison to the gas state, they still show a higher flexibility with respect to the solid state. Furthermore, the generation of random positions which are produced by non-modeled molecule phenomena is scarce [53] . For this reason, the ρ value from the direction vector operator is bounded to a value between 0.3 and 0.6. Similarly, the random position operator H is configured to a value close to zero in order to allow the random generation of fewer molecule positions. In the liquid state, collisions are also less common than in the gas state, so the collision radius, that is controlled by α, is set to a smaller value in comparison to the gas state. The liquid state is the second phase and lasts the 40 % of all iterations which compose the complete optimization process. The computational procedure for the liquid state can be summarized as follows:
Step 4: Set the parameters ρ ∈ [0.3, 0.6], β = 0.4, α = 0.2 and H = 0.2 being consistent with the liquid state.
Step 5: Apply the general procedure that is defined in Algorithm 1.
Step 6: If 90 % (50 % from the gas state and 40 % from the liquid state) of the total iteration number is completed (0.5 · gen < k ≤ 0.9 · gen), then the process continues to the solid state procedure; otherwise go back to step 5.
Solid state In the solid state, forces among particles are stronger so that particles cannot move freely but only vibrate. As a result, effects such as collision and generation of random positions are not considered [52] . Therefore, the ρ value of the direction vector operator is set to a value close to zero indicating that the molecules can only vibrate around their original positions. The solid state is the third phase and lasts for the 10 % of all iterations which compose the complete optimization process. The computational procedure for the solid state can be summarized as follows:
Step 7: Set the parameters ρ ∈ [0.0, 0.1] and β = 0.1, α = 0 and H = 0 being consistent with the solid state.
Step 8: Apply the general procedure that is defined in Algorithm 1.
Step 9: If 100 % of the total iteration number is completed (0.9 · gen < k ≤ gen), the process is finished; otherwise go back to step 8.
It is important to clarify that the use of this particular configuration (α = 0 and H = 0) disables the collision and generation of random positions operators, which have been illustrated in the general procedure.
Experimental results
A comprehensive set of 24 functions, collected from Refs. [54] [55] [56] [57] [58] [59] [60] [61] , has been used to test the performance of the proposed approach. Tables 8-11 in Appendix A present the benchmark functions used in our experimental study. Such functions are classified into four different categories: Unimodal test functions (Table 8) , multimodal test functions (Table 9) , multimodal test functions with fixed dimensions (Table 10 ) and functions proposed for the GECCO contest (Table 11 ). In such tables, n indicates the dimension of the function, f opt is the optimum value of the function and S is the subset of R n . The function optimum position (x opt ) for f 1 , f 2 , f 4 , f 6 , f 7 , f 10 , f 11 and f 14 is at x opt = [0] n , for f 3 , f 8 and f 9 is at x opt = [1] n , for f 5 is at x opt = [420.96] n , for f 18 is at x opt = [0] n , for f 12 is at x opt = [0.0003075] n and for f 13 is at x opt = [−3.32] n . In case of functions contained in Table 11 , the x opt and f opt values have been set to default values which have been obtained from the Matlab © implementation for GECCO competitions, as it is provided in [59] . A detailed description of optimum locations is given in Appendix A.
Performance comparison to other meta-heuristic algorithms
We have applied the SMS algorithm to 24 functions whose results have been compared to those produced by the Gravitational Search Algorithm (GSA) [16] , the Particle Swarm Optimization (PSO) method [17] and the Differential Evolution (DE) algorithm [13] . These are considered the most popular algorithms in many optimization applications. In order to enhance the performance analysis, the PSO algorithm with a territorial diversity-preserving scheme (TPSO) [39] has also been added into the comparisons. TPSO is considered a recent PSO variant that incorporates a diversity preservation scheme in order to improve the balance between exploration and exploitation. In all comparisons, the population has been set to 50. The maximum iteration number for functions in Tables 8, 9 and 11 has been set to 1000 and for functions in Table 10 the iterations have been set to 500. Such stop criterion has been selected to maintain compatibility to similar works reported in the literature [4, 16] . The parameter setting for each algorithm in the comparison is described as follows:
1. GSA [16] : The parameters are set to G o = 100 and α = 20; the total number of iterations is set to 1000 for functions f 1 to f 11 and 500 for functions f 12 to f 14 . The total number of individuals is set to 50. Such values are the best parameter set for this algorithm according to [16] . 2. PSO [17] : The parameters are set to c 1 = 2 and c 2 = 2; besides, the weight factor decreases linearly from 0.9 to 0.2. 3. DE [13] : The DE/Rand/1 scheme is employed. The crossover probability is set to CR = 0.9 and the weight factor is set to F = 0.8. 4. TPSO [39] : The parameter α has been set to 0.5. This value is found to be the best configuration according to [39] . The algorithm has been tuned according to the set of values which have been originally proposed by its own reference.
The experimental comparison between metaheuristic algorithms, with respect to SMS, has been developed according to the function-type classification as follows: (Table 11 ).
Unimodal test functions (
Unimodal test functions
This experiment is performed over the functions presented in Table 8 . The test compares the SMS to other algorithms Table 1 considering the following performance indexes: the Average Best-so-far (AB) solution, the Median Best-so-far (MB) and the Standard Deviation (SD) of best-so-far solution. The best outcome for each function is boldfaced. According to this table, SMS delivers better results than GSA, PSO, DE and TPSO for all functions. In particular, the test remarks the largest difference in performance, which is directly related to a better trade-off between exploration and exploitation. Just as it is illustrated by Fig. 4 , SMS, DE and GSA have similar convergence rates at finding the optimal minimal, yet are faster than PSO and TPSO. A non-parametric statistical significance proof known as the Wilcoxon's rank sum test for independent samples [62, 63] has been conducted over the "average best-so-far" (AB) data of Table 1 , with an 5 % significance level. Table 2 reports the p-values produced by Wilcoxon's test for the pair-wise comparison of the "average best so-far" of four groups. Such groups are formed by SMS vs. GSA, SMS vs. PSO, SMS vs. DE and SMS vs. TPSO. As a null hypothesis, it is assumed that there is no significant difference between mean values of the two algorithms. The alternative hypothesis considers a significant difference between the "average best-so-far" values of both approaches. All pvalues reported in Table 2 are less than 0.05 (5 % signif- icance level) which is strong evidence against the null hypothesis. Therefore, such evidence indicates that SMS results are statistically significant and that it has not occurred by coincidence (i.e. due to common noise contained in the process).
Multimodal test functions Multimodal functions represent a good optimization challenge as they possess many local minima (Table 9 ). In the case of multimodal functions, final results are very important since they reflect the algorithm's ability to escape from poor local optima and are able to locate a near-global optimum. Experiments using f 5 to f 11 are quite relevant as the number of local minima for such functions increases exponentially as their dimensions increase.
The dimension of such functions is set to 30. The results are averaged over 30 runs, reporting the performance index for each function in Table 3 as follows: the Average Bestso-far (AB) solution, the Median Best-so-far (MB) and the Standard Deviation (SD) best-so-far (the best result for each function is highlighted). Likewise, p-values of the Wilcoxon signed-rank test of 30 independent runs are listed in Table 4 .
In the case of functions f 8 , f 9 , f 10 and f 11 , SMS yields much better solutions than other methods. However, for functions f 5 , f 6 and f 7 , SMS produces similar results to GSA and TPSO. The Wilcoxon rank test results, which are presented in Table 4 , demonstrate that SMS performed better than GSA, PSO, DE and TPSO considering four functions f 8 -f 11 , whereas, from a statistical viewpoint, there is no difference between results from SMS, GSA and TPSO for f 5 , f 6 and f 7 . The progress of the "average best-sofar" solution over 30 runs for functions f 5 and f 11 is shown by Fig. 5 .
Multimodal test functions with fixed dimensions In the following experiments, the SMS algorithm is compared to GSA, PSO, DE and TPSO over a set of multidimensional functions with fixed dimensions, which are widely used in the meta-heuristic literature. The functions used for the experiments are f 12 , f 13 and f 14 which are presented in Ta- Table 5 show that SMS, GSA, PSO, DE and TPSO have similar values in their performance. The evidence shows how meta-heuristic algorithms maintain a similar average performance when they face low-dimensional functions [54] . Figure 6 presents the convergence rate for the GSA, PSO, DE, SMS and TPSO algorithms considering functions f 12 to f 13 .
Test functions from the GECCO contest The experimental set in Table 11 includes several representative functions that are used in the GECCO contest. Using such functions, the SMS algorithm is compared to GSA, PSO, DE and TPSO.
The results have been averaged over 30 runs, reporting the performance indexes for each algorithm in Table 6 . Likewise, p-values of the Wilcoxon signed-rank test of 30 independent executions are listed in Table 7 . According to results of Table 6 , it is evident that SMS yields much better solutions than other methods. The Wilcoxon test results in Table 7 provide information to statistically demonstrate that SMS has performed better than PSO, GSA, DE and TPSO. Figure 7 presents the convergence rate for the GSA, PSO, DE, SMS and TPSO algorithms, considering functions f 17 to f 24 .
Conclusions
In this paper, a novel nature-inspired algorithm called as the States of Matter Search (SMS) has been introduced. The SMS algorithm is based on the simulation of the State of Matter phenomenon. In SMS, individuals emulate molecules which interact to each other by using evolutionary operations that are based on physical principles of the thermal-energy motion mechanism. The algorithm is devised by considering each state of matter at one different exploration-exploitation ratio. The evolutionary process is divided into three phases which emulate the three states of matter: gas, liquid and solid. At each state, molecules (individuals) exhibit different movement capacities. Beginning from the gas state (pure exploration), the algorithm modifies the intensities of exploration and exploitation until the solid state (pure exploitation) is reached. As a result, the approach can substantially improve the balance between explorationexploitation, yet preserving the good search capabilities of an EA approach. SMS has been experimentally tested considering a suite of 24 benchmark functions. The performance of SMS has also been compared to the following evolutionary algorithms: the Particle Swarm Optimization method (PSO) [17] , the Gravitational Search Algorithm (GSA) [16] , the Differential Evolution (DE) algorithm [13] and the PSO algorithm with a territorial diversity-preserving scheme (TPSO) [39] . Results have confirmed a high performance of the proposed method in terms of the solution quality for solving most of the benchmark functions.
The SMS's remarkable performance is associated with two different reasons: (i) the defined operators allow a better particle distribution in the search space, increasing the algorithm's ability to find the global optima; and (ii) the division of the evolution process at different stages, provides different rates between exploration and exploitation during the evolution process. At the beginning, pure exploration is favored at the gas state, then a mild transition between exploration and exploitation features during the liquid state. Finally, pure exploitation is performed during the solid state. 10, 100, 4 ) 
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is the maximum value of the particular function i. The x opt andf opt values have been set to default values which have been obtained from the Matlab©implementation for GECCO competitions, as it is provided in [51] .
